ABSTRACT. Climate changes are occurring rapidly at both regional and global scales. Farmers are faced with the challenge of developing new agricultural practices to help them to cope with unpredictable changes in environmental, social, and economic conditions. Under these conditions, adaptive management requires a farmer to learn by monitoring provisional strategies and changing conditions, and then incrementally adjust management practices in light of new information. Exploring adaptive management will increase our understanding of the underlying processes that link farmer societies with their environment across space and time, while accounting for the impacts of an unpredictable climate. Here, we assessed the impacts of temperature and crop price, as surrogates for climate and economic changes, on farmers' adaptive management in crop pest control using an agent-based modeling approach. Our model simulated an artificial society of farmers that relied on field data obtained in the Ecuadorian Andes. Farmers were represented as heterogeneous autonomous agents who interact with and influence each other, and who are capable of adapting to changing environmental conditions. The results of our simulation suggest that variable temperatures led to less effective pest control strategies than those used under stable temperatures. Moreover, farmers used information gained through their own past experience or through interactions with other farmers to initiate an adaptive management approach. At a broader scale, this study generates more than an increased understanding of adaptive management; it highlights how people depend on one another to manage common problems.
INTRODUCTION
Rapid and unpredictable change in climate at both regional and global scales is forcing agro-ecosystem stakeholders to develop new management practices (Perez et al. 2010) . Conventional management practices have typically assumed that environmental and socioeconomic contexts will be predictable and roughly the same over long periods (Darnhoffer et al. 2010 ). Existing management practices will work well under this assumption (Shea et al. 2002) . However, under conditions where social, economic, and ecological factors change rapidly or are unpredictable, steadystate management is no longer adequate (Susskind et al. 2012) . Farmers must cope with sources of uncertainty to keep their farm sustainable and to maintain food security (Darnhoffer et al. 2010) .
Adaptive management (AM) is "a systematic process for continually improving management policies and practices by learning from the outcomes of previously employed policies and practices" (MEA 2005) . AM provides a way to adjust to change and uncertainty. Under AM, farmers learn by monitoring provisional strategies and changing conditions, and then make incremental adjustments to their management practices in response to what they have learned (Susskind et al. 2012) . The concept of AM emerged by the late 1970s as a way to improve natural resource management (Holling 1978) . However, it is only relatively recently that AM has been applied to crop protection issues (Lewis et al. 1997 , Shea et al. 2002 . Shea et al. (2002) , in their seminal paper, convincingly state that AM is one of the best ways to control pests in the face of uncertainty. Most small-scale farmers do learn from the results of their own previous attempts at pest control. But they generally lack a framework for learning about the overall managed system, which they need to do to improve pest control at broad spatial and temporal scales. Although traditional farming communities are generally very resilient (Perez et al. 2010) , unprecedented climatic and economic changes may push them beyond their range of adaptability. AM may provide useful new ways for them to adjust to change and uncertainty.
Agro-ecosystems are social-ecological systems in which humans play a key role in managing the landscape and affecting its spatiotemporal dynamics (Cabell and Oelofse 2012, Rounsevell et al. 2012) . Research on AM in pest control must consider the intricate interactions between climatic (e.g., temperature), ecological (e.g., pest population dynamics), and socioeconomic systems.
Agent-based models (ABMs) provide an ideal methodological framework to represent coupled systems (Liu et al. 2007 ) and to integrate a dimension that represents farmers' decision making, which is central to AM (An 2012) . In ABM, agents are heterogeneous and autonomous entities that interact with one another, which is suitable to explicitly represent the complexity of decision making (Watkins et al. 2013) . Thus, ABMs make it possible to formalize and test hypotheses about the conditions under which complex patterns in management practices can emerge from a set of observed behavior-response functions (Zellner 2008 , Rounsevell et al. 2012 . ABMs have been applied to a variety of situations over the last 20 to 30 years, such as systems affected by land use and changes in land cover (e.g., Parker et al. 2003 , Matthews et al. 2007 ) and resource management and conservation (e.g., Boone et al. 2011 , Parrott et al. 2012 , Watkins et al. 2013 . Although a few studies have focused on agricultural systems (e.g., Berger 2001 , Happe et al. 2006 , Here, we assessed the impacts of climatic and economic variability on farmers' adaptive management in agricultural pest control in the Ecuadorian Andes. As a study model, we used the potato tuber moth Tecia solanivora, an invasive species from Guatemala that was introduced to South America via infested potato seeds that were likely imported from Costa Rica in the late 1990s (TorresLeguizamón et al. 2011 ). Because of its economic importance and its ability to successfully invade new production areas of the Ecuadorian Andes, T. solanivora represents one of the major pest problems in the region (Dangles et al. 2009 , Crespo-Pérez et al. 2011 .
T. solanivora is an excellent candidate to develop an ABM of AM in pest control for two main reasons: (1) its population dynamics have already been documented and implemented into spatiallyexplicit landscape models (Crespo-Pérez et al. 2011) and (2) the decision-making processes that farmers are using to control it have been studied in detail , Paredes 2010 .
The main objective of our study was to examine how climatic and economic variability, represented as fluctuations in temperature and crop price around a steady mean, affected pest management practices of individual farmers and subsequent pest control strategies at the community level. We developed an ABM to simulate an artificial society of farmers in an Ecuadorian agroecosystem, parameterized with field data. We then used this model to explore farmers' use of AM, i.e., their capacity to adapt their pest management practices under uncertainty, through different scenarios of climatic and economic variability. We were particularly interested in exploring AM at the community level, as a collective measure of AM by individual farmers. We conclude with a discussion of our findings and highlight implications for adaptive management in pest control.
METHODS
Our simulations were performed using an ABM that allowed us to represent (1) a heterogeneous agricultural landscape, (2) crop pest population dynamics, and (3) humans managing their crops (Filatova et al. 2013 ). This social-ecological system was subject to both climatic and economic variability, represented as fluctuations in temperature and crop price around a steady mean. The variability fed into farmers' pest management practices, which could lead them to improve their crop production. Farmers responded to pest damages with different behaviors based on their perceptions, experiences, and their personal representation of the system (mental model, see Jones et al. 2011) . A representation of the model structure is provided in Figure 1 , including the landscape, pest, human, and economic submodels.
The overall model initializes with the landscape submodel, on which farmers are located together with the crop pests. Each time step in the model includes the following processes: (1) economic and climatic variability, (2) pest reproduction, (3) farmers' success at controlling pests (pest control) and adaptive management, (4) pest dispersion. The source code and the documentation of the model-following the ODD protocol (Grimm et al. 2010 ) and the ODD+D protocol (Müller et al. 2013 ) are available on the openabm.org platform (https://www.openabm.org/model/4128/, model MANPEST). The model was implemented using the multiagent programmable modeling environment NetLogo version 5.1.0 (Wilensky 1999) . Analyses were performed using R software (R Core Team 2014).
The landscape submodel
We developed a spatially explicit representation of land use in an Andean agricultural landscape in Ecuador (Crespo-Pérez et al. 2011) . The agricultural landscape was divided into farm households with an average area of 1.6 ± 1 ha, in the range of farm households observed in the Ecuadorian Andes (Nguema et al. 2013) . The overall landscape area covered 1000 ha (2000 x 5000 m, which corresponds to around 600 farms), and was represented as a matrix of 4000 cells (50-m resolution) using a Voronoï tessellation (O'Sullivan and Perry 2013). We represented temperature using two scenarios. The first scenario, referred to as the scenario without temperature variability, relied on temperatures in the Ecuadorian Andes for periods of six months (one time step in the model), corresponding to 15 degrees at around 2500 m. At this temporal scale we observed little variation in temperatures (less than one degree), as reported by Dangles et al. (2008, Appendix A) . The second scenario, referred to as the scenario with temperature variability, was built to obtain temperatures outside the range of pest survival (Crespo-Pérez et al. 2011) , by randomly choosing a temperature in a Gaussian distribution centered at 15 degrees and with a standard deviation of 5, for each time step in the model. The landscape was considered thermally homogeneous in space and fluctuating in time.
The pest submodel Our pest submodel simulated the population dynamics of the potato tuber moth Tecia solanivora (Dangles et al. 2009 , CrespoPérez et al. 2011 ). Its development is mainly driven by temperature. The relationship between T. solanivora survival and temperature can be fitted by a Sharpe and DeMichele model (Dangles et al. 2008 and Fig. A1 .1).
The population dynamics of T. solanivora was modeled through a physiologically-based model detailed in Crespo-Pérez et al. 2011 . Briefly, the T. solanivora model simulates the spatiotemporal dynamics of the pest on a spatially explicit landscape. One time step in the model corresponds to one T. solanivora generation, or approximately six months. This model has been validated using four years of field data (Crespo-Pérez et al. 2011).
The T. solanivora model was modified in this study to fit a change in landscape scale by adapting dispersion to the landscape resolution. The effect of landscape resolution on pest dynamics was verified by comparing the mean dispersal distances at different resolutions, ensuring that we reproduced the population dynamics and spatial distribution. No significant differences were observed between the original model and the adapted model (Student's t-test between the mean dispersal distances: T = -1.4567, df = 89.435, p-value = 0.1487).
Economic submodel (potato price variability)
The economic submodel represents the variation in potato prices, used as a proxy for farm revenue in the human submodel (Fig. 1) . It considers the monthly potato price between 1990 and 2005 (data from SIGAGRO, Coordinación Consejo Consultivo Papa). These data revealed an increase in prices from 1990 to 2005 (linear regression, F = 18.6, df = 1/190, p-value < 0.05). Because we were Fig. 1 . Representation of the model structure (nonformal graphics). The underlying model is composed of a network of interacting farmers who are capable of learning and adapting to circumstances. They work on farms that are facing the impact of an agricultural pest that evolves. The model includes (1) a landscape submodel, which represents the landscape characteristics and climatic condition, (2) an economic submodel that generates the potato price, (3) a pest submodel, which simulates the pest population dynamics, and (4) a human submodel, which represents farmers who are dealing with the pest and using adaptive management. The grey boxes represent input and output variables and grey stars the analyzed input variables (temperature variability and potato price fluctuation).
interested in testing the effect of economic variability (random component of potato price time series, see Fig. A1 .2), we used an additive model to fit the data (Cowpertwait and Metcalfe 2009) . By normalizing and decomposing the time series biannually to subtract the trend, we obtained the expected variation in potato price over time. The potato price standard deviation was 26.7 for a mean value of 100 (CI 95% = [89.7; 109.6]), with a Gaussian-like distribution (Shapiro-Wilk normality test over the random component of the potato price: W = 0.96; p-value = 0.38). We used this distribution to simulate economic variability. We assumed that potato prices had no influence on whether farmers decided to plant potatoes, i.e., the same areas were cultivated each year.
The human submodel
Farmers' pest management practices and their success at pest control We represented an artificial society of Ecuadorian famers (potato growers) who had to face an invasive agricultural pest for which optimal pest management practices were virtually unknown.
Farmers were initialized individually with a set of pest management practices, which determined their ability to control the pest. The pest management practices were set to reproduce observed pest control in the Ecuadorian Andes. This human submodel interacted with the pest submodel, as pest population dynamics depended on both human pest management strategies and on temperature.
In our simulations, farmers were set with limited cognitive resources (Jager et al. 2000) . They could not distinguish between outcomes attributable to pest management practices and those attributable to climatic variability. When farmers' revenue or pest infestation levels were no longer satisfactory, they adapted their pest management practices based on information from other farmers or on their own past experience.
As previously shown by Rebaudo and Dangles (2011) , the specific management practices used by Ecuadorian farmers influences how well T. solanivora is controlled. For example, high potato ridging more effectively controls potato moth larvae than does low ridging. This example suggests that, to a certain extent, the effectiveness of pest management practices can be quantitatively assessed. In our model, we quantitatively represented the set of pest management practices as a vector of dimension N. Pest management practices were mostly prophylactic measures, such as cleaning store rooms, ridging potatoes, performing longer crop rotation, but also curative measures such as using pesticides appropriately . Each pest management practice n i corresponds to a value that can be compared to a theoretical optimum n 0 , which is the maximum mortality of the pest under a specific pest management practice.
Equation 1 represents the mean distance between a farmer pest management practice and the optimal pest management practice, Δ practices . 
N is the dimension of the vector of pest management practices, n i each pest management practice within N (n i ranging from 0 to 100), and n 0 the optimal pest management practice. 
Equation 2 describes how effectively farmers control T. solanivora (see Rebaudo and Dangles 2011) . Pest control is specific to individual farms. Farmers were randomly assigned pest management strategies based on the known distribution of strategies used in Ecuador. These strategies were saved at each time step in the simulation.
Farmers' behavior
Faced with emerging threats and associated uncertainties, farmers' pest management practices evolve as a self-organizing process referred to here as AM (sensu Shea et al. 2002) . In the model, we represented AM as the farmers' ability to change their pest management practices. The modalities of change in pest management practices varied according to farmers' behaviors, which were fixed for each individual farmer.
In Northern Ecuador, Paredes (2010) elaborated a typology of farmers based on their model of production, how they evaluate success, and how they make decisions. We identified five types of farmers: conventional, experimenters, averse to risk, risk takers, and averse to change. All behaviors coexist in a community of farmers, but one behavior was always described as dominant. See Table 1 for a comparison of the farmers' behaviors.
Two key features distinguish the different types of farmers:
(1) what information they use to make pest management decisions and (2) how they evaluate whether their pest management practices have been successful. The information that farmers use to decide whether and how to change their pest management practices can come either from observing other farmers or from evaluating their own past success. Conventional and averse-torisk farmers base their pest management decisions on their perception of others farmers' individual success. They will first assess whose example to follow, then will change pest management practices based on their observations. In contrast, experimenters and risk takers base their pest management decisions on their own individual success. They first assess the success of their past practices, and compare that to the success of current practices. They keep the practices they perceive to be the most effective to try during the next crop cycle.
Many farmers, in our case, experimenters and averse-to-risk farmers, estimate the effectiveness of pest control measures indirectly. They can use surrogates such as the abundance of pests in the field (Railsback and Johnson 2011) or the amount of pest damage (Karp et al. 2013) . They are described in the typology as "independent from market." Other farmers, in our case, conventional farmers and risk takers, can estimate the effectiveness of pest control using the economic return from their crop (Below et al. 2012) . Note that averse-to-change farmers do not adapt their pest management practices, so do not need criteria for deciding when to change or to evaluate success. http://www.ecologyandsociety.org/vol20/iss2/art18/
Farmers' perception and willingness to change
In our model, farmers were able to perceive pest infestation levels in their own fields and in their neighbors' fields (see Fig. 2 ). They evaluated pest infestation level in neighboring farms while sharecropping or during labor exchange arrangements, common practices in the Ecuadorian Andes (Paredes 2010) . Farmers assessed farm revenue when they sold their crops at marketplaces, so that farm revenue depended on overall production.
Fig. 2.
Representation of adaptive management in pest control. Farmers are located on farms that are linked to one another through a social network made up of all neighboring farms. The processes for adaptive management take into account a farmers assessment of his or her own pest infestation and/or farm revenue; a comparison with his or her personal or peers' past success at controlling pests; and the modification of pest management practices.
Based on field surveys performed in Ecuador by our team (O. Dangles and F. Rebaudo, unpublished manuscript) we assumed that each farmer could evaluate these two variables and pest management practices over the previous two years. AM (referring here to a modification in pest management practices), was therefore a response to some combination of interactions among farmers, perceptions about their own and other farmers success, observations of pest infestations in the field, and economic returns.
Model validation, simulations, and analyses
Our human submodel relied on qualitative descriptions based on personal observations and a literature survey. To calibrate farmer behaviors considering the whole model and all its submodels, we optimized the intensity of changes in pest management practice to reproduce the patterns quantified by Paredes (2010) . Experimenters and risk takers had higher fluctuations in their revenue compared to averse-to-risk and conventional farmers. This optimization ensured that the selected behaviors produced realistic outputs (e.g., Fig. A1.3 ). We also checked that, within the range of possible values for the intensity of change, the spread of pest management practices was consistent with studies of how agricultural information spreads (e.g., Bass model in Rebaudo and Dangles 2011).
Farmers' adaptive management was defined as the set of modifications in pest management practices that allowed farmers to limit pest infestation and improve their farm revenue in a context of economic and climatic (temperature) variability. We used model simulations to evaluate the possible impacts of temperature and economic variability on farmers' pest control. We simulated around 600 farmers per simulation with 30 repetitions, N = 5 pest management practices ranging from n i = 0 to 100 (no difference in model results when N > 5), compared to a theoretical optimum n 0 = 50. First, we computed farmers' pest control over 50 years (i.e., 100 time steps using mean pest control of all farmers with 30 simulation repetitions).
We described the resulting curves and analyzed effects of temperature and economic variability through an analysis of variance of farmers' pest control after 50 years (i.e., pest control temperature variability * economic variability). We performed this analysis for the whole community of farmers and for all sets of farmer behaviors. The diversity of pest management practices was represented by the standard deviation. Standard deviations were compared for all sets of farmer behaviors after 50 years using Student's t-tests.
RESULTS

Impact of climatic and economic variability on farmers' pest control
Simulations revealed that farmers improve their pest control over time in all scenarios (Fig. 3) . However, we found that this improvement was much less when temperature was variable (analysis of variance on farmers' pest control after 50 years, F = 3189, df = 1/9532, p-value < 0.05; corresponding to 10% fewer pests). In contrast, economic variability had no significant impact on farmers' pest control over time (analysis of variance on farmers' pest control after 50 years, F = 0.4, df = 1/4764, p-value = 0.52). Because the scenario that included economic variability showed no effect on pest control when compared to the scenario without economic variability, we focused on the effect of temperature variability.
We assessed how different farmers' behaviors affected how their community used adaptive management in response to temperature variability. For all farmers, pest control was significantly different after 25 and 50 years (significant Student's pairwise t-tests between farmers' behaviors with and without temperature variability). The effect of temperature variability on pest control varied with the farmers' behavior. The averse-to-risk farmers controlled pests most successfully under constant conditions, but not when temperature variability was included in the model (Fig. 3A and 3B) , where conventional farmers controlled pests most successfully. This was also true for communities dominated by experimenters and risk takers-their pest control strategies were less effective than those of conventional farmers when temperature variability was included in the model.
Impact of climatic variability on the diversity of pest management practices
We assessed how the heterogeneity in pest management practices in the community was affected by temperature variability. Multiple repetitions (30) of the same simulation without economic or temperature variability revealed that all farmer pest control strategies were similarly effective after 50 years (CV = 0.02). We observed a higher coefficient of variation (CV = 0.08) when including temperature variability in the model (Fig. 3) .
Ecology and Society 20(2): 18 http://www.ecologyandsociety.org/vol20/iss2/art18/ Fig. 3 . Adaptive management in pest control. Farmers' pest control resulting from pest management practices is represented as a function of time without temperature variability (A), and with temperature variability (B). In the left graphs, the different curves represent communities of farmers dominated by conventional farmers (solid black lines), experimenters (dashed black lines), averse-to-risk farmers (solid grey lines), and risk takers (dashed grey lines). Areas shaded in grey represent standard deviations for each curve (30 simulations repetitions). The right graphs represent boxplots of the distribution of farmers' pest control after 50 years.
The standard deviation in pest management practices after 50 years was significantly higher in simulations that included temperature variability (Student's t-test, t = -20.5, df = 36.8, pvalue < 0.05). It stabilized after 25 years (see Fig. 4 ). Farmers with different pest management practices coexist and are maintained over time.
Heterogeneity in pest management practices decreased over 50 years when the model did not include temperature variability, leading to homogenization of pest management practices. This result applied to all communities, no matter the dominant farmers' behavior.
DISCUSSION
Our modeling approach is based on a strong empirical background of both pest population dynamics and farmers' pest management behavior. This approach remains exploratory, and must be applied to the real world with caution (Grüne-Yanoff 2009). However, we think our approach proposes a novel methodology to explore and predict the consequences of climatic and economic uncertainty on farmers' use of adaptive management in pest control. Fig. 4 . Evolution of heterogeneity in farmers' pest management practices. The standard deviation in pest management practices for all farmers in a simulation was used to represent heterogeneity. Standard deviations were represented using boxplots (30 repetitions) without temperature variability in white, and with temperature variability in grey. After 25 years with temperature variability, heterogeneity in pest management practices stabilized. In contrast, it continued to decrease when there was no temperature variability, leading to homogenization of pest management practices.
Impacts of climatic and economic variability on farmers' pest control
Our study revealed that efforts to deal with common problems such as agricultural pests would be less effective in a context of climatic variability. Uncertainty is common in biological systems and central to the concept of adaptive management (Rist et al. 2013 ). In our model, adaptive management emerged from socialecological interactions within the agro-ecosystem in a process that includes coping with uncertainties. Our modeling approach supports the idea that adaptive management would be effective when there is a lot of uncertainty, but it would take more time to reach the same level of control than in a situation without variability.
In their study on Bali water temples, Lansing and Miller (2005) suggest that community-level responses can emerge from common problems such as pest management. In this sense, intervention programs such as farmer field schools (Van den Berg and Jiggins 2007) or collaborative monitoring (FernandezGimenez et al. 2008 ) may foster adaptive management and community-level responses by increasing farmers' knowledge of pest ecology in relation to climatic variability, therefore reducing uncertainties related to the pest dynamics.
Additionally, our model demonstrated that climatic variability, represented in our model as temperature, produced heterogeneity Ecology and Society 20(2): 18 http://www.ecologyandsociety.org/vol20/iss2/art18/ in farmers' pest control strategies. This suggests that variability itself influenced pest control strategies, which may also be the case with different temperature time series. In that sense, farmers' pest control can be considered path-dependent, because local rules of interaction between the farmers and the pest evolve as a result of the balance between human-dependent and temperature-dependent pest survival (Folke 2006) . It means that a particular series of climatic events can lead to large deviations from the average pest control strategy.
In the specific case of tropical Andean small-hold farmers, the strong altitudinal gradients and land-use heterogeneity (Dangles et al. 2008 ) resulted in different situations even at a small scale, thereby increasing path-dependency. This characteristic of adaptive systems has been documented in land-use models (e.g., Brown et al. 2005 , Celio et al. 2014 , and has negative consequences on the predictability of an adaptive system. Our findings revealed that economic variability (variation in potato price) did not influence farmers' pest control strategies. This is surprising, because interviews with farmers in the field often indicated that potato price variability is an important driver of potato grower behavior ). This could be because we assumed that the area in cultivated in potatoes was constant. However, many Andean subsistence-oriented potato growers do claim to be market independent (Paredes 2010 ) and rely on several agricultural activities to strengthen their food security and economic stability.
Community adaptive management to economic and climatic variability
Farmers' behaviors Our model was calibrated using farmers' behaviors described in the literature (Paredes 2010) , and did not attempt to define the most effective behavior in the face of climatic or economic variability. However, our study is pertinent to exploring how different farmers' behaviors respond to environmental variability. Conventional and averse-to-risk farmers both mimic the behaviors of others, and as such are quite similar in terms of underlying mechanisms. However, the shape of the pest control curves for farmers with these two behaviors differed from one another (Fig. 3) .
In their paper on adaptive management, Rist et al. (2013) discussed when adaptive management is appropriate, highlighting that "ecological uncertainty must be a key obstacle for management." Our theoretical study suggests that when there is potential for a great deal of progress in controlling pests, reducing uncertainty is not a key obstacle. This favors communities dominated by conventional farmers over averse-to-risk farmers in the early years of our simulations.
Heterogeneity in pest management practices
Our study highlights that uncertainty may play a key role in orienting and maintaining heterogeneous pest management practices, and supports the idea that farmers' personal representation of the system (mental model) is a key determinant of adaptive management (Grothmann and Patt 2005, AcostaMichlik and Espaldon 2008) . Here we assumed that farmers' perceptions of how effective their pest management strategies were depend on the level of pest infestation in their field, and not the true efficiency of the strategy. A farmer mimicking another farmer changed practices based on his/her perception of how effectively pests were controlled (Fig. 2) .
In the simulations that included climatic variability, the level of pest infestation was the result of how effective the pest control strategy was, and of temperature-dependent pest mortality. Farmers faced more uncertainty about the most efficient pest management practices, because they could not distinguish between these two influences on infestation, leading them to adopt to nonoptimal pest management practices. Consequently, we observed more diversity in pest management practices at the community level when temperature was variable. At a broader scale, our theoretical results suggest that uncertainty may be crucial for maintaining diversity in pest management practices. Theoretically, this uncertainty-driven diversity should strengthen the adaptive management of the social-ecological systems at the community level, (Olsson et al. 2004 , Lin 2011 , Barthel et al. 2013 .
Adaptive management of a common problem
In their paper about competitiveness in traditional fishing societies, Leibbrandt et al. (2013) found that individuals tend to be less competitive and favor teamwork in collectivistic societies, where nature constrains humans to work together. Our study highlights how people must depend on one another when facing a common problem (control of crop pest). This could be regarded as a "coevolutionary relationship": When they adapt their practices in response to a constraint by imitating successful behavior, humans "coevolve" with each other to maximize their benefits (here farmers in rural Ecuadorian Andes face the need to improve pest control; Mitleton-Kelly and Davy 2013). In our model, this coevolution through imitation and experimentation is taking the form of adaptive management. At a broader scale, it supports the idea that adaptive management may be the result of exposure to a common problem, even if some individual farmers-depending on their social environment (neighboring farmers) and/or physical environment (climate variability) may benefit less from adaptive management.
CONCLUSION
In conclusion, our simulation approach consisted of a modeling framework that considered both spatial and temporal dynamics, where social and ecological systems constantly interact with each other. In this system, adaptive management in pest control emerged when farmers were represented as heterogeneous agents who interacted and influenced each other, and who were capable of learning and adapting to circumstances. The results of our study stress the importance of farmers' perceptions and uncertainties in their decision-making processes that result in adaptive management. It also highlighted the possible role of uncertainty in maintaining diversity in pest management practices, which helps make farmers more resilient. At a broader scale, it will help improve understanding of the mechanisms that drive a shift to adaptive management. Grounded on field data, a validated pest model, and consistent with described studies, this study provides a valuable framework to study social-ecological responses to global changes.
